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Conditional Generative Adversarial Network
Introduction

In a conditional GAN, the discriminator and generator play a

Pix2Pix is a popular GAN-based model used for image to IR WE e vt elblscve funeron

image translation tasks. Locan(G, D) = By, [log D(z, )] + Eq [log(1 — D(z, G(z))]
We consider different generator architectures, changing the

classical U-net architecture for more modern approaches 2 Aersarl Losss ovr poch —

involving transformers. . —

Dataset :

annotations. These consist of street scenes from 50 different
cities. We train on 5000 images and test on 500. [1].

Cityscapes is made of a large set of of high-quality pixel-level . w
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Experimented with other datasets, available in the original
Pix2Pix paper [3]. Figure 3. Generator losses and the classical U-Net architecture

Architectures Results

Input Target  Baseline  Archl Arch2 Arch3

First, we used four transformer layers to encode a sequence
of pixel patches.

Then we introduce long residual connections and deepen
the encoder to ten transformer layers.

Finally, we use convolutions to embed patches into latent
space before transforming the sequence.
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Figure 1. Architecture 2

Training Table 1. Generated images on validation data
= We train for 500 epochs with Adam, with a fixed learning Model | FiD | Min Loss | Variance | Parameters (M)
rate to 0.002, 51 = 0.5 and By = 0.999, as suggested in [3].
Baseline | 212.24 /.57 3.63 54.4
Reconstruction Losses over Epoch ArCh 1 13039 3 30 O 9 1 23 9
» — Arch2 | 137.47 3.40 0.63 28.5
— e Arch3 | 134.67 3.90 0.64 28.9

—— arch2
25 — arch3

Table 2. Comparison of Methods
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Figure 2. Ly reconstruction loss throughout training




